The growth of administrative data repositories worldwide has spurred the development and application of data quality frameworks to ensure that research analyses based on these data can be used to draw meaningful conclusions. However, the research literature on administrative data quality is sparse, and there is little consensus regarding which dimensions of data quality should be measured. Here we present the core dimensions of the data quality framework developed at the Manitoba Centre for Health Policy, a world leader in the use of administrative data for research purposes, and provide examples and context for the application of these dimensions to conducting data quality evaluations. In sharing this framework, our ultimate aim is to promote best practices in rigorous data quality assessment among users of administrative data for research.
INTRODUCTION
Recent developments in information technology have spurred the growth of data repositories and sparked renewed interest in the use of administrative data for research purposes.
1 Administrative data, generally described as data derived from the operation of administrative systems (eg, the health care system) for the purpose of registration, transaction, and/or record-keeping, 2 are advantageous for research because they do not require time-consuming participant consent or primary data collection. 3 The many research possibilities for administrative data have generated "information-rich" environments in many research institutions, built on linking records across datasets and across sectors. 4 As the use of routinely collected data in research becomes more common, data quality is an increasingly important consideration. Data quality is a context-specific concept defined broadly as "fitness for use." 5 Administrative data quality can be influenced by many factors: inconsistent methods of data collection, temporary coding problems when introducing new systems, and/or systematic biases in reporting. 6 Establishing a rigorous data quality framework is critical to ensuring that comprehensive and consistent evaluations form the basis of increasingly complex data analyses, and it is particularly important for secondary users of information, as they often have little control over the data collection and maintenance processes. 6 However, few research institutions have adopted structured frameworks to assess data quality, and there is little consensus in regard to which dimensions of data quality should be measured. 7 In addition, the research literature on administrative data quality is sparse and has rarely included discussion of data quality evaluation methods. 8 Therefore, in order to promote the use of rigorous data quality assessment and advance the research literature in this emerging area, we describe here the data quality framework developed and implemented at the award-winning Manitoba Centre for Health Policy (MCHP). 9 In sharing this framework, our ultimate aim is to support best practices in evaluating administrative data for research purposes.
CASE DESCRIPTION
The Manitoba Population Research Data Repository at MCHP is a comprehensive population-based collection of administrative data, capturing information on virtually all residents (approximately 1.3 million individuals) of the province of Manitoba, Canada.
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The databases are grouped into 6 domains (health, education, social, justice, registries, and support files) and are updated on an annual or semiannual basis. The repository contains no personal identifying information, but datasets are linkable across files and over time by way of scrambled numeric identifiers. Research using linked repository datasets can describe and explain Manitoba residents' patterns of health and health care use, social services use, and education and justice system contacts, and the findings can inform policy development and implementation in Manitoba. 12 Developing a structured process to efficiently and comprehensively assess the quality of different kinds of data has been crucial to MCHP's success as a leader in population health research.
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METHODS
To develop the MCHP data quality framework, we conducted a comprehensive search of the published and gray literature for information on data quality assessment practices in other Canadian and international research institutions. We reviewed data quality practices from the Canadian Institute for Health Information, the Public Health Agency of Canada, Statistics Canada, the Australian Bureau of Statistics, and the Institute for Clinical Evaluative Sciences (ICES) in Ontario, Canada. From these examples, we selected 5 key data quality dimensions based on their relevance to population-based research analyses and the availability of operational indicators at MCHP and incorporated them into our framework.
RESULTS
Data quality is a broad concept that is both relative and multidimensional in nature, as was evident in all of the frameworks we examined. Table 1 describes the dimensions included in data quality frameworks from Canadian institutions, which were the ones we found most helpful in developing the MCHP framework. To some degree, all of these data quality frameworks share common features. The concepts of accuracy (how well the data reflect the reality of what they were meant to measure) and timeliness (how current the data are) are included universally, and all frameworks also incorporate some measure of how "useful," "serviceable," or "relevant" the data are -that is, the degree to which the data meet the needs of users, although the exact definitions of this parameter varied.
To some extent, the dimensions included in each framework depend on the purpose of individual data repositories. For example, Statistics Canada assesses accessibility, or the ease with which the data can be obtained from the agency. This dimension is of much less concern for research institutions like MCHP, where accessing the data records is a highly regulated process. And while the ICES framework includes measures of anonymity and linkability, all datasets in the MCHP repository are both deidentified (personal information removed) and linkable (using scrambled numeric identifiers); therefore, including these dimensions in our data quality assessment would be redundant.
In developing MCHP's data quality framework, we took a pragmatic approach to ensure that the quality assessments we conducted fit the scope of the available data, would be generalizable across different types of structured data, and could be conducted within the limitations of our legislative environment. Thus, the MCHP data quality framework is based on the dimensions of accuracy, internal validity, external validity, timeliness, and interpretability ( Figure 1) . A description of the 5 dimensions and their subcomponents follows, with examples of output presented to demonstrate their utility and research relevance.
1. Accuracy: Accuracy is defined as the degree to which the data correctly describe the phenomena they were designed to measure, 5 demonstrating their capability to support research conclusions. 14 The concept of accuracy encompasses 5 subcomponents:
completeness, correctness, measurement error, level of bias, and consistency. a. Completeness: MCHP measures completeness by the percentage of missing values in a given dataset field. 9 Missing values may include blank fields for character variables or periods for numeric variables. The distinct concept of "missingness" assesses trends in missing data over time ( Figure 2 ). This can be useful for indicating whether the amount of missing data is changing over time, and serves as an indicator of potential data quality problems. b. Correctness: Correctness is measured by the percentage of invalid codes (values that do not match provided formats), and invalid dates or out-of-range numeric values (values that fall outside the possible or established range). 9 Outliers or extreme values are also flagged but not removed, as they do not always indicate poor quality. Instead, flags alert users that they should investigate possible reasons for the occurrence. MCHP uses the Canadian Institute for Health Information's suggested rankings of minimal, moderate, or significant to categorize completeness and correctness. 15 MCHP has also developed the valid, invalid, missing, outlier (VIMO) macro to evaluate correctness, generating output that includes variable labels and corresponding percentages of valid, missing, and outlier values ( Figure 3 ). 16 VIMO also generates the mean, minimum, maximum, median, and standard deviation for numeric variables, and a list of top 10 most frequent values for character variables. c. Measurement error: Measurement errors occur when data elements are attributable to incorrect answers or coding. 15 Such errors can be caused by confusing definitions or weakness in data collection procedures. An example of measurement error is a data field where either "yes" or "no" would be appropriate, but instead it contains "b." Or, in documenting cases of hypertension, a patient is erroneously listed as not being hypertensive because he or she is taking medication to manage his or her blood pressure. Good documentation and automated data collection methods can help reduce measurement error. For example, sex-or age-specific biases can occur in datasets documenting certain types of chronic disease. While true bias is hard to establish concretely, other than through re-abstraction studies, possible biases can be detected when sampling errors occur or when coverage or responses are not complete. Correlated bias can occur when one data element is correlated with another, such as length of observation time with outcome, and is not generally assessed when acquiring data into the repository. If necessary, bias can be evaluated as part of the research enterprise. e. Consistency: Consistency, also referred to as reliability, is measured by the amount of variation that would occur if repeated measurements were done. 15 Consistency is often an issue for subjective data elements that may not have a correct answer, such as a rating on a scale of 1-5, and is effectively evaluated in re-abstraction studies. MCHP often assesses measurement error, level of bias, and consistency at a granular level. 9 This may also require linking data across several datasets, something that is only permitted when appropriate ethical approval has been obtained. For these reasons, such quality assessment is not typically conducted during the data acquisition phase. 2. Internal validity: Internal validity measures the consistency between values in 2 data fields derived from the same source. 17 At MCHP, measurements for internal validity include the subcomponents' internal consistency, temporal consistency, and linkability (the ability to readily link 2 data files using a common key or identifier). a. Internal consistency: Internal consistency is a measure of the numeric agreement between fields or the logical relationship between fields. 18 Examples of inconsistencies include a field noting a pregnant man or an 80-year-old woman having a baby. To measure such consistency, we use the VALIDA-TION macro to scan the dataset and count the number of data inconsistencies based on user-specified validation rules. 16 b. Temporal consistency: Temporal consistency is the degree to which a set of time-related observations conforms to a smooth line or curve over time and the percentage of observations that are classified as outliers from that line or curve. 18 However, the trend analysis must be correctly informed before conclusions can be drawn. If a field such as "date of admission" in a trauma program was interpreted without accounting for historical changes in the program, the results could be misleading. MCHP's TREND macro measures temporal consistency over a specified time (Figure 4 ). 16 The macro fits a series of common models and selects the model with the minimum mean squared error, estimates studentized residuals for each observation, and flags significant observations as potential outliers. 9 The macro also flags values as potential problems if it detects repeated observations with the same exact value (indicating no change over time). c. Linkability: MCHP defines linkability as the percentage of records having common identifiers in 2 or more administrative databases. Linkability is important for determining the data's utility for research. 18 Unique record identifiers that correspond to a personal health insurance number facilitate linkage based on deterministic matching. 19 Personal health insurance numbers attached to records are scrambled before MCHP acquires the deidentified data. MCHP's LINK macro shows the number and percentage of linkable records for a specific dataset or list of datasets. 16 3. External validity: External validity refers to the relationship between the values in a data file and an external source of information, often referred to as "data confrontation." 18 For example, the level of agreement between summaries of the data with available literature, reports, and general knowledge can be an indicator of the quality of external validity. Outside content experts might also be consulted in this assessment. 4. Timeliness: Timeliness refers to how up to date the data are at the time of release. 9 Timeliness reflects the time between data request and data acquisition, and the time between data acquisition and data release for research use. Long delays between acquisition and release might suggest resourcing issues that need to be resolved with data providers. The currency of documentation has also been added as a new indicator of timeliness. 9 Metadata serve to inform users of important data characteristics and limitations. Decisions to use data must therefore be made on up-to-date documentation. Documentation currency is measured by the difference in time between data release and release of associated metadata.
9 Figure 3 . Example of VIMO macro output: data correctness.
Interpretability:
Interpretability is defined as the ease with which a user can understand the data. 15 This is based on the quality of documentation provided, policies and procedures, formats, and metadata. If documentation is poor, data quality issues may go unrecognized. 9 MCHP does not currently have operational measures for evaluating the interpretability of data, but is developing these for future use.
DISCUSSION
The growth of data repositories globally has necessitated the development and application of data quality frameworks to ensure that research using administrative data is based on sound, high-quality information. This case report describes the 5 core dimensions of MCHP's data quality framework, which may serve as an exemplar for other research institutions working with administrative data and seeking to improve their data quality assessment process. Early work on the MCHP data quality framework informed the development and adoption of a data quality assessment framework by 2 other administrative data research institutions: ICES in Ontario, Canada, 8 and the Secure Anonymized Information Linkage Databank in Swansea, UK. 20 The information presented here has the potential to initiate this transformative process for other institutions worldwide. Failing to monitor data quality has multiple repercussions: increased project duration, effort, and costs; poorly informed, biased, or outdated decision-making; damaged trust in study results; and decreased end-user satisfaction. Our rigorous framework mitigates these negative consequences and provides several advantages for researchers working with administrative data. First, it provides a metric for the degree to which data quality varies over time. These comparisons can help to determine whether specific fields exhibit sudden changes in missing values or numbers of cases. Second, the framework serves to communicate issues of data quality to data users, and does so in an accessible, user-friendly way. For example, the color-coded VIMO macro output serves as a kind of "dashboard" for assessing quality indicators of a particular dataset at a glance. The ability to easily and rapidly compare data quality across different datasets is increasingly important for studies involving multiple collaborators and/or spanning numerous jurisdictions. Finally, and uniquely among the other available data frameworks we examined, the macros and other coding tools developed as part of the MCHP framework are available for free under a General Public License, 21 allowing interested users to adopt or adapt specific framework components to suit their individual needs.
Future directions
At MCHP, we are developing the capacity to use big data analytic techniques to unlock the potential of unstructured (or free-text) data, such as physicians' notes in electronic medical records, emergency room triage notes, and imaging reports. Developing the technology to analyze these free-text data sources will add value and sophistication to traditional analytic approaches for structured administrative data, but will also present new challenges for data quality assessment. 22, 23 We will draw on expertise from other fields (including engineering, computer science, and mathematics) to develop appropriate techniques for assessing the data quality of unstructured health data. 
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